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Introduction

LOCKED AWAY IN A LIBRARY AT YALE UNIVERSITY IS a mysterious medieval book full of bizarre illustrations, its words handwritten in a unique script that has never been deciphered. The man who discovered that book in 1912, in a seminary in Italy, was an antiquarian bookseller named Wilfrid Voynich, a former anti-tsarist revolutionary who fled Russia after some of his friends were killed by the secret police.

Voynich knew a lot about secrets, and he immediately understood the significance of the mysterious book. It was probably written either in code or in an unusual language; either way, it would be extremely valuable. He bought it immediately, and anxious to read its contents, he did what anyone does who has a tough problem to solve: he asked an expert to help. When the best minds in cryptography failed him, he turned to others and still others. They got nowhere. Voynich died, but the book’s reputation lived on, tantalizing fresh generations of expert code breakers with its secrets.

Ninety years later, the book was still undeciphered. By then, it held an almost iconic status. It had become a rite of passage for budding young cryptologists, who bashed their brains against the book, failed, and moved on to more feasible projects. Even the men who cracked the codes of the Nazis and the Japanese during World War II failed to unlock the secrets of what is now known as the Voynich Manuscript.

Undeciphered codes aren’t just good for romantic, mysterious stories. They have implications for everyday life. The Internet depends on codes; without trustworthy codes, online commerce would grind to a halt, along with large swaths of national security. Modern code breakers are very, very good. There’s a problem, though. Even the best modern codes are reaching the end of their shelf life. It’s possible to crack them if you have a lot of computing power and don’t mind waiting months for a solution. For the moment, that sort of crack isn’t worth it. In a few years, however, technology will likely make that crack in seconds rather than months. The Voynich Manuscript could perhaps help cryptographers to design new, unbreakable codes—if anyone could figure out what it meant.

I began working on the Voynich Manuscript in 2002. Within a few weeks, using just a pen, ink, and replica parchment, I discovered something completely unexpected. I found compelling evidence that the writing in the book was neither a language nor a code but a grandiose hoax—a glittering artifact containing nothing but gibberish, probably created by a con man for the sole purpose of bilking a monarch out of money. The evidence was so strong that I was able to publish it in a peer-reviewed academic journal—the first proposed solution for the Voynich Manuscript to get through peer review in almost half a century.

I’m not a code breaker by trade. I’m a psychologist and a computer scientist, though I didn’t use a computer to find what was lurking in the Voynich Manuscript.

The story of my discovery was picked up by media all over the world. That wasn’t surprising: the story made good copy, with its references to some of the most colorful characters in sixteenth-century Europe, including the Holy Roman emperor and Queen Elizabeth I, as well as one of the greatest con artists of all time and a man known as the most degenerate cleric of the age. The story even featured a treasure map, but most journalists didn’t bother to include it, because juicier parts of the story jostled for space.

My proposed solution—which is still hotly debated by dedicated Voynichologists around the world—looked surprisingly simple. How could it be that experts in mathematics, code breaking, languages, and other important fields had missed something that an outsider was able to spot? Simple. Those experts made a mistake.

Though I’m not an expert in code breaking, I am an expert in human error, specifically the errors of experts. In my line of work, we study how humans acquire expertise, and we know that when experts screw up, they screw up in predictable ways. If you know how to look for these mistakes, you can easily spot where experts went wrong. For ninety years, the experts looking at the Voynich Manuscript had operated with a blind spot. They were focusing on the things they thought were important but ignoring possibilities that were right in front of them the whole time.

The Voynich case, nice as it was, was not my endgame. It’s a lovely problem, but my colleagues and I were after a larger quarry. Specifically, I wanted to test a theory I had been working on for years. The Voynich Manuscript was only the first test of a toolkit of ideas, theories, and strategies my colleagues and I call the Verifier Method. We think Verifier is a powerful new contribution to science, suitable for checking the work of experts in any field. It’s the scientific equivalent of taking on the hardest cold cases in detective work. The method is designed specifically for problems where researchers probably already have the relevant information but can’t make sense of it.

In my line of work, we are interested in how humans acquire, store, and use knowledge. Researchers like me have become very good at figuring out how to represent, visualize, or model the knowledge contained in human brains. This started for a practical reason: we needed to know what humans knew so we could program computers to help them do their work. Paradoxically, perhaps, the more information we got from humans, the more we began to see how special human brains were.

Our first Verifier studies showed us that one of those special human gifts—which we’ll discuss at length—is a key tool for solving so-called intractable problems. This should not have been a surprise. Computers are solid, logical plodders, good at performing rigorous, complex, methodical tasks that would stress most humans. We humans, on the other hand, are good at swift, nimble, cut-to-the-chase thinking that is strongly governed by visual cues. In the course of this book I’ll argue that if you want to solve complex problems, you need to know which tools—and which brains—to use.

The Verifier Method is based on a large collection of tools. Those tools include software, problem-solving strategies, and more, all built on a bedrock of formal logic. We’ve used this method to look at problems more important than a mysterious book. Medical problems. Criminal cases. Problems in our understanding of the cosmos and the world we live in. The findings are tantalizing; it looks like we’re onto something.

This book is about the birth of that method, told as a sort of intellectual detective story. As we delve into that story, we’re going to throw some challenging concepts at you, which you’ll need to understand before moving on to the next pieces of the puzzle. For now, it’s important that Verifier is only one component in a larger framework for understanding and working with human knowledge, best expressed by Figure 1. This image reflects the structure of this book.

The first third of our story is about unpacking knowledge from the minds of human experts. Scientists like myself perform such unpacking to design software that helps experts do their work. Our tour through this landscape will introduce you to some colorful characters. Card sharks. Code breakers. Chess masters. Swordsmen. Brewmasters. We’ll get to meet that gullible emperor and the sociopathic con man, both of whom lived in the days of Shakespeare. We’ll even meet the wizard-like astrologer who advised Queen Elizabeth I. We’ll look in on all these people, each an expert in a rarefied field—even the con man!—and see what each has to teach us about human expertise. Specifically, we’ll learn that expertise has limitations. Just because you know something doesn’t mean you can put it into words, teach others, or tell others how you’re thinking about a problem.
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FIGURE 1

If a scientist is clever, she will use several techniques—verbal techniques, visual techniques, or tools—to elicit the truth from experts. Because human beings are strongly visual, the scientists we’ll meet on our journey use one of the oldest tricks in the world to extract and transmit knowledge: they draw pictures and rely upon our natural human gift for sizing up things at a glance. The second part of the book talks about visualizing or representing that knowledge, and I’ll show you how I used visual tools to get at what I consider to be the truth of the Voynich mystery.

The clues to any mystery are bound up in the ways we think about problems and the pictures we create in our heads. When experts fail to solve a problem, it’s often because of a blind spot: the truth is right there in front of them, but they don’t see it. The pictures in their heads conflict with the reality they’re seeing or think they’re seeing. How do we help them break out of that blind spot? Well, you can use a system like Verifier to test or check their work, and then teach them how to problem-solve more effectively.

We got good results studying difficult problems with Verifier. We realized that problem solving works best when you let humans do what they do best—visually scan large chunks of data and results, then use their amassed knowledge of a problem to arrive at a solution. The need for tools to enhance visualization led us to develop software to aid this process. One program we developed, the Search Visualizer, lets you whip through results of a web search even if you don’t speak the language of the material you’re “reading.”

I’ll show you what I mean about all this—visual tools, pictures in your head, and the conflicts at the heart of any blind spot—in the last third of the book. But I might quickly hint at the big picture by sharing the story of stomach ulcers. It’s a great story about a blind spot that killed people.

Stomach ulcers are a particularly unpleasant way to die. For centuries, well into the twentieth century, doctors couldn’t do much beyond prescribing antacids and recommending a lower-stress lifestyle with a carefully managed diet. Then a couple of Australian doctors challenged the orthodox view of ulcers by claiming that stomach ulcers were actually caused not by the body’s reaction to stress, but by a bacterium living in the human stomach. That idea got a pretty negative reception, for sensible reasons. The human stomach is an extremely hostile environment, with acidity levels that would kill any known bacterium.

Within a few years, though, the two Australians demonstrated that a bacterium could survive in the human stomach, that it did cause a significant proportion of stomach ulcers, and that those ulcers could be successfully treated with standard antibiotics. The bacterium was Helicobacter pylori. The Australians were Barry Marshall and Robin Warren. Their discovery saved thousands of lives, and they won a Nobel Prize for it. It’s a classic case of a revolutionary new insight that changes the world for the better.

There wasn’t a significant mistake in what Marshall and Warren did—quite the contrary. The mistake was in what large numbers of other medical researchers didn’t do. Marshall and Warren weren’t the first to see Helicobacter pylori. It had been spotted by at least three separate teams of researchers a century earlier, and there had been at least one suggestion that it was implicated in stomach ulcers and gastritis (irritation of the stomach). Yet no one picked up that idea and ran with it a century earlier.

That’s the sort of problem that catches my attention. You can’t point at an individual decision and identify it as the place where things started to go wrong. It’s harder than that. It’s not that we don’t yet have the technology or the data to answer the key question. It’s more complicated than that. Sometimes it involves finding the right way to look at a problem. Sometimes it involves explanations that are nearly, but not quite, right.

A “nearly right” explanation for something can pass unnoticed for a long time, causing damage in science and in the real world without getting spotted. A “wrong” explanation is easier to spot, and tends to get fixed quicker, if a fix is possible. At the very least, a wrong theory gets a warning sign posted in front of it, if it can’t be fixed.

I’m interested in the problems where we already have all the pieces of the puzzle, but nobody has worked out how to fit those pieces together and give us the final picture. Visible mistakes are easy to spot. A bridge collapses, or an aircraft crashes, or a company goes bankrupt, because someone made a series of misjudgments. There’s been a lot of scientific work on visible mistakes. Other mistakes are harder to see. This is, at heart, a book about invisible mistakes made by conscientious professionals hampered by their own blind spots.

Why do such mistakes happen? Sometimes it’s because nobody sees that all those pieces are part of the same puzzle. Sometimes it’s because everyone has made the same wrong assumption about how some pieces fit together. Sometimes it’s because the professionals involved don’t have the training to push through the logjam. All science-based researchers these days are trained to use two tools—statistics and research methods. But they’re rarely taught about human error, even though a key goal of research design is to minimize the risk of flawed findings caused by human error.

Attempts to prevent human error are nothing new. Logicians have been pointing out flaws in human reasoning for over two and a half thousand years, without much visible effect on everyday life; human error is still all around us. This time, though, the game might be changing. Previous attempts to fix this problem tackled it by telling people what they should be doing—explaining the correct answer in logical arguments, one step at a time. That makes perfect logical sense, but it plays to people’s worst weaknesses. We realized during our Verifier work that there’s a very different way to tackle the same problem, by playing to human strengths that can also paradoxically be our weaknesses. It’s exactly like the transition from old-style computer interfaces, where you typed in cryptic verbal commands, to present-day interfaces, where you click on icons and images. We explain later in this book just how this new approach works, and why it just might change the game forever.

Or it might not. But one thing is clear. In an age that’s drowning in an ocean of information, we as a society need to reengineer the way we solve problems. Otherwise, there will be more tragically missed opportunities like the decades of failing to spot an effective treatment for stomach ulcers. Maybe Verifier will be at the forefront of this new wave; maybe it will turn out to be a sideshow, with the main event coming from yet another new direction. However it all works out, there’s now a realistic chance of solving long-unconquered challenges far more important and more mysterious than the strangest book in any library.





1

The Expert Mind

IN THE SIXTEENTH CENTURY, EXCAVATORS DISCOVERED A glass vase in some ruins outside Rome. Roman glassworkers were good by anyone’s standards, but this piece of glassware is exceptional. It’s made of two layers of glass, a dark blue inner layer with a white outer layer. The surface is carved into rich, intricate cameos depicting humans and gods. It’s known now as the Portland Vase, after the British aristocrat who bought it. It was made around a couple of thousand years ago. The glass-cutting style used to make the vase is so complicated, so intricate, that archaeologists think it probably took the original craftsman two years to make.

One way of measuring the skill of the vase’s maker is to look at how long it was before anyone was able to produce another piece of glassware like it: it took almost two thousand years. Producing a replica became a challenge for the best glassmakers of the Industrial Revolution. The vase became such an iconic challenge that Josiah Wedgwood developed a whole line of Wedgwood pottery inspired by it. The Great Exhibition of 1851 was a high-profile showcase for the crowning achievements of the era—the most sophisticated technology in the world. It didn’t contain a replica of the Portland Vase, because nobody had been able to produce one. The first passable-quality replica was made in the 1870s.

It was that difficult. That’s one of the first lessons about experts.

 



LESSON 1

Experts can do things that the rest of us aren’t able to do.



 

We’re surrounded by examples of the complexity of expert knowledge in everyday life, to the point where we don’t even notice them most of the time. Most offices have computer support staff; they are experts at doing things most of us don’t begin to understand. On the way to the office, many of us travel by train. We wouldn’t have a clue how to drive a train, maintain the tracks, or schedule service. If you drive to work, you’re using a vehicle that requires expertise to service and repair; it’s not advisable to try diagnosing and replacing a faulty fuel injection system using general knowledge and common sense.

Experts are good, often impressively good, and they can do things that nonexperts can’t. However, that doesn’t mean they’re immune to making mistakes. If we understood how experts think, we could probably help them avoid those mistakes. But it turns out that’s easier said than done. In this chapter, I’ll try to explain why it’s so hard to know what experts know.

 

The Real Lightsabers and the Unreal View of War

One area where there’s been a long-standing tension between true expertise and mistaken expert opinion is the world of war. Ever wondered what inspired the lightsabers in the Star Wars movies? George Lucas and his team were probably inspired by the name of the nineteenth-century light—as in, not so weighty—saber. This isn’t a steampunk creation bristling with brass work, dials, and levers; it’s simply the alternative to the heavy saber.

Learning how to fight with a full-weight saber was dangerous, so fencing instructors, treading an uneasy line between realism and injury, began using lighter sabers. They deliberately minimized injury at the expense of realism, but the rank-and-file cavalry continued to use full-weight heavy sabers in battle. That choice made it more difficult for the instructors to teach cavalrymen how to fight an opponent who was using more brute force than skill. And the soldiers, thinking their instructors were out of touch after years of working with light sabers, tended to be skeptical about how much real expertise the fencing masters had. The soldiers’ experience on the battlefield, documented in numerous diaries of ordinary troopers, suggested that they were often right to be skeptical. So the counterpoint to the last conclusion about experts is cautionary:

 



LESSON 2

Experts’ skills don’t always correspond to reality.



 

For centuries, it was taken for granted by most people that expertise had some features that distinguished it. It was generally assumed that experts were better at pure logic than lesser mortals, and that they used this logic combined with their higher intelligence to solve problems. There was also a strong element of snobbishness, with an implicit assumption that “real” expertise was the province of white-collar professionals, with manual skills being excluded from the club of expertise. The chess game was often viewed as an archetypal demonstration of expertise in action: a good chess player can easily beat a weak chess player, so there’s clearly some real expertise involved, and chess is an abstract, cerebral skill, unlike sordidly manual skills, such as glassmaking or hacking someone to death on a battlefield.

When the French chess master François-André Danican Philidor played three simultaneous blindfold games of chess in 1783, this was hailed as one of the highest achievements of the human intellect. Expertise distinguished humans from lesser creation, as well as distinguishing upper-class intellectuals from the lower orders. It was a comforting view, which wasn’t seriously challenged until the 1960s, when everything changed.

 

Crumbling Walls

One of the first challenges to this cozy belief came from research into chess masters. Beginning in the 1940s, a Dutch psychologist named Adriaan de Groot and his colleagues began investigating how chess masters actually operated, as opposed to how everyone assumed they operated. This led to an important finding.

 



LESSON 3

Experts are not significantly more intelligent than comparable nonexperts.



 

De Groot and his colleagues found, to their surprise, that chess masters weren’t significantly more intelligent than ordinary chess players. Nor did they have a significantly better memory for the positions of chess pieces placed randomly on a chessboard. Their expertise turned out to be coming from a completely different source: memory about chess games.

What set chess masters apart was that they could remember enormous numbers of gambits, strategies, tactics, placements of combinations of pieces, previous examples, and on and on, from games they had played, games they had watched, or famous games in history that they had studied. Although they weren’t good at remembering random arrangements of pieces on a chessboard, they were very good at remembering nonrandom arrangements, such as a particular configuration of a king and several supporting pieces. The number of such memories was staggering: a chess master typically knew tens of thousands of pieces of information about chess. Later, when other psychologists began studying the way experts thought, a remarkably similar picture emerged from research into other areas of expertise: what defined an expert always turned out to be the possession of tens of thousands of pieces of information, which typically took about seven to ten years to acquire.

 



LESSON 4

Experts retain huge numbers of facts about their areas of expertise.



 

These findings were brutally consistent, even for venerated prodigies, such as Mozart, who began playing music at age three and composing by age five. But if you looked at how long it took between his first compositions and the first of his compositions that stand up to comparison with expert composers, the period is about seven to ten years. This discovery gave researchers pause: maybe expertise was simply a matter of time, experience, and training. Maybe if you put in enough time working at something, you would eventually become an expert.

Another blow to the foundations of the old views again came from chess. The first modern computers emerged during the 1940s. Within a couple of decades, there were computer programs that could beat an average-level human chess player. Soon after, computer programs could beat masters, and then grand masters.

Everyone had expected chess to be one of the last bastions of human supremacy over dumb beasts and machines. It was more surprising that computers had a lot more difficulty with the apparently simple game of Go, the ancient Asian board game, than with chess. That’s because skill at Go relies more on nonverbal spatial knowledge—where the tiny black-and-white pieces are located on the board—which is tough to program. That’s a theme we’ll encounter repeatedly throughout this story.

 



LESSON 5

Just because a human finds something difficult doesn’t mean that it necessarily is difficult.



 

The lessons from this research into the minds of experts weren’t lost on applied researchers and industry. In fact, this research was leading to the next inevitable step: taking what we had elicited from human experts and using it to help us program computers to work better with humans or to perform tasks too tedious or complex for humans. In this chapter, I’d like to show you what scientists like me did with what they learned. In some cases, what we knew about experts helped us enormously. In others, it left us wondering if we didn’t need to know still more about how experts think.

In the 1970s psychologists such as Daniel Kahneman, Paul Slovic, and Amos Tversky conducted a campaign parallel to the expertise research, looking at the types of mistakes humans make. They found that for some problems, simple mathematical linear equations could outperform human experts. By that, we mean that a small piece of software could predict better than an experienced bank manager whether or not a particular customer would default on a loan, predicting it more accurately, more reliably, and much more cheaply. That finding ended up with a lot of middle-ranking bank managers losing their jobs and being replaced by software. If you apply for a loan today, the decision on your application will almost certainly be made by a piece of software. Similarly, if there’s a suspicious pattern of activity with your credit card, it will probably be spotted by a piece of software, which will trigger a check by a human being to make sure that your card or its number hasn’t been stolen.

That finding had implications for other areas, such as medicine. Researchers wanted to create software systems that diagnosed illnesses the way doctors did. But the researchers wondered if the systems they built could go beyond mere imitation and actually improve the rate of correct diagnoses for life-threatening illnesses. The early signs looked promising. In the early 1970s, scientists at Stanford University developed a program called MYCIN, which could diagnose some categories of infectious diseases more accurately and more reliably than expert human diagnosticians. A doctor had to answer a series of simple questions about a particular case in order for the system to produce a diagnosis. This was so successful that by the 1980s, expert systems were already outperforming human experts in a range of areas, and it looked as if a new era of software-supported medicine was about to dawn. But then reality got in the way, as a slew of problems emerged.

In the fall of 1986, I moved to Nottingham to begin working on a problem that was causing a lot of difficulty for expert systems. It’s known as the “knowledge acquisition bottleneck,” and I was to encounter it repeatedly in the years ahead. It’s about extracting knowledge from human beings to put into the expert system. To write a robust piece of software, you need to base it on solid knowledge from the real world. Getting at that solid knowledge was turning out to be a harder task than anyone had anticipated.

In the old days, software was built using what is known as the waterfall model. The software developer would interview the client, and then draw up a document that specified in detail what the system would do. Once that agreement was signed, the software developer went away and built the software. The clients weren’t involved in the build; when they put their signatures on the contract, they were committed to that plan, as irrevocably as a log going over a waterfall.

Developers got information out of the experts via the traditional interview, and most software developers believed that this worked just fine. If the client forgot to mention an important requirement during the interview, that was the client’s problem, and the developer would pick up a further fee for fixing the problem. But when the software keeps having problems after delivery, or each new version has new problems, or the software simply doesn’t do what the client wants, the limitations of this approach become obvious.

The first expert systems were built in one of two ways. Some were built by people who had come into the field from traditional software development; they used interviews because interviews were the only approach they had ever known. Others were built by what are known as domain experts: people who were already experts in the relevant area and who had then learned how to build expert systems. These people wrote their own knowledge into the software, without needing to interview anyone. Whichever route was used, the early expert systems could perform better than human experts for tightly defined problem areas. But when expert systems developers tried to scale up their systems to tackle bigger problems, it become clear that neither approach was going to work. The problems arose from simple practicality. There are some people who are willing and able to learn the skills needed to build an expert system, but there aren’t nearly enough for this to be a viable approach in most fields. If expert systems were going to be used on a wide scale, it was preferable to have them developed by specialized expert systems developers who acquired knowledge for each new field from human experts and whatever other sources were available.

However, the problem with the interview approach was that interviews were missing too much. They are fine for some purposes, and they seem easy to use. Most people think of them as the obvious and most sensible way to gather information. But in fact, the word interview can mean a lot of things, all of them with limitations. The classic distinction is between structured and unstructured interviews. In a structured interview, the interviewer has a list of prepared questions, and a flowchart of follow-up questions is triggered if the interviewee gives a particular answer. It all looks and sounds scientific, but the result is dependent on having the right list of questions, phrased in the right way, with the right options available for the follow-ups. By definition, when you’re gathering knowledge for a new expert system, you can’t know what the right questions are, or the right phrasings, or the right options. If you know enough to design a structured interview, you probably already have all the knowledge you need to build the expert system: a classic catch-22.

At the other end of the scale, there’s the unstructured interview. This has been satirically summed up by a cynical software developer: “Okay, tell me everything you know about Ford fuel injection systems.”

These problems are well known in fields like psychology, which deal with extracting knowledge and beliefs from human beings. So it was no accident that while at Nottingham I worked in the department of psychology, within a research group specializing in artificial intelligence.

 

Card Sorts and Laddering

If you interview experts about their specialist areas, sooner or later they’ll mention something they have never told you about before. Once, when I was collecting data at Nottingham, I asked a geologist how he could identify a particular type of rock in the field. The geologist went into great detail about rock identification. At one point, speaking about one particular rock, he listed the features he had mentioned for all the previous rocks—like grain size and color—and then said that if you broke a piece of this rock open, it smelled of sulfur. It was the first time he had mentioned the smell of a rock as an identifying feature. The implication was that if I wanted to make sure I didn’t have any gaps in the information collected, I would need to go back through the list of all the other rocks that he’d mentioned and ask him what they smelled like. That’s just one of the problems you regularly run into with interviews: if you’re trying to gather information in a way that gives you systematic and complete coverage, interviews aren’t a good format. Missing the occasional point isn’t a big issue if you’re interviewing someone on a television talk show. It can be a very, very big issue if you’re trying to gather a complete and correct body of knowledge for a medical expert system, where patients will die if you’ve missed a key point.

While at Nottingham, I worked for a team of researchers—Nigel Shadbolt, Mike Burton, and Han Reichgelt—who were looking for techniques that yielded information of better quality than that produced by interviews. We were comparing methods systematically, so researchers and developers would have some solid evidence to guide them in their choice of methods when gathering knowledge for expert systems. We started with a long list of candidate methods, soon whittled down to four. One of them had to be interviews; we needed this as a baseline, something against which all other methods could be compared. The other three methods were very diverse.

One of those methods is known as the think-aloud technique. This method is just what it sounds like: you ask the expert to do a task—for instance, you ask a geologist to identify a rock you’ve never shown them before—and you ask her to think aloud while she’s doing it, so that you hear what her thought processes are. It’s a widely used technique: a lot of instructors who teach police officers how to drive vehicles get the trainees to think aloud during the lessons. This technique is great for catching the steps that experts don’t notice they’re taking. However, as soon as you start trying to write software code based on output from this technique, you immediately discover a big drawback. Most people sound like gibbering idiots when they’re thinking aloud, because they’re alternating between doing the task and telling you what they’re doing. The result is that you get semicoherent fragments of their chain of thought. A further problem is that experts often refer to this bit or that color in a way that’s meaningless if you’re working off an audio recording. Even if you have a video of the session, you still need to find out whether there’s a technical name for the part or color in question. The strengths of thinking aloud are balanced out by its limitations.

The third technique we used is called card sorts. The core concept is that you give the expert a set of objects from his area of expertise, and ask him to sort those things into categories. The objects may be physical things like rocks, or photographs, written names, or written scenarios—the method is flexible. We used a variety of this technique where you ask the expert to sort the things into whatever categories she wants and you let her re-sort as often as she wants, using a different category each time.

The method is excellent for finding out how experts think about their field, specifically how they categorize objects, which can be different from how novices and nonexperts would categorize the same field. This method also gives you systematic information about the categorization: if a geologist is using the category “what it smells like when broken” while sorting a set of rocks, you will be able to see which category each rock fits into. As usual, there is a downside: experts tend to use categories that are technical or subjective, so the interviewer has no idea what the category name means unless the interviewer employs a new technique.

Suppose a geologist sorts some rocks into an “ultrabasic” category, and you’re left asking yourself, “What does that term mean in relation to a rock?” To find out, you need to break out the fourth technique in our set: laddering. Much of human knowledge is structured in hierarchies—the classic tree structure, where a trunk divides into a few branches, and each of those divides into twigs, and each of those in turn divides into leaves. If you ask an expert to explain what a Solutrean blade is, you usually get an answer such as, “It’s a long, bifacially retouched flake tool.” Next, you ask the expert to explain further: “What counts as ‘long’ in this context?” Or “What does ‘bifacially retouched’ mean?” You’d need to go through several layers of “branches” and “twigs” before you reach the “leaf” level, but you’ll get there in the end. It’s a powerful, flexible technique that I found invaluable.

Over the next three years, we used these methods to elicit knowledge from experts in fields ranging from medical diagnosis to geology to archaeology, among others. We crunched the data from different perspectives: how much information we extracted per minute with each technique, how long it took to process the information from each technique before it could be used in an expert system, how many expert system rules you could extract per minute with each technique, and so on. We also tested variants of some techniques—for instance, testing whether you get different results depending on whether the expert is sorting physical items, or pictures of those items, or cards with the written names of those items. Ultimately, we had a lot of answers and a bunch of landmark research papers. But, as usual in research, those answers had also brought up a lot of questions, some of which would nag at me for years to come.

 

Pattern Matching: What You Can Do That a Computer Can’t

The Nottingham work was focused on quantifying each method’s effectiveness. That was useful, but we didn’t have time to investigate more than the numbers. I couldn’t help thinking about that geologist doing the think-aloud session, explaining how he would identify the rock sample I had just given him. After half an hour, he was still going strong about the same rock sample: an ordinary-looking rock about the size of my fist. It wasn’t even one that he was excited about. The really interesting thing was what happened when I showed him another rock sample and asked him a subtly different question. With the first rock, I had asked him to tell me how he could tell what type of rock it was. With the second rock, I asked him just to tell me what type of rock it was. He identified it immediately, before I had even set it down on the table in front of him. There was no way that he was processing half an hour’s worth of knowledge about rocks during that one second: he was identifying it using a completely different mental route from the one he used in the first session. But what was that route, and how did it work, and what were the implications?

Those kinds of questions take us back to a problem at the heart of artificial intelligence research, one that is still a big, unresolved problem after half a century: pattern matching. That’s something humans can do very, very swiftly. Humans evolved to make snap decisions, because carefully weighing every option is a good way to get eaten by something bigger than you. It’s a classic example of something so familiar that nobody notices it anymore. It’s also an example of how something so mundane that nobody pays it much attention can be crucial, precisely because it’s everywhere and involved in everything.

Pattern matching is all around us. It’s the intelligence behind the eyes when we look at the world. But computers simply can’t pattern-match the way humans can. A computer will recognize a chair in one photo but not the same chair photographed at a different angle. It can’t pick out a park bench in a photo of a pretty park setting. Computers can steer a spacecraft to Mars, but they can’t tell you whether a photo shows a chair or a zebra.

Computers use explicit, logical, step-by-step reasoning. That’s great for a lot of problems, particularly because humans are not good at this type of reasoning. We can do it, but our brains aren’t wired in a way that makes it easy for us, so it’s great to have computers that can tackle it for us. Humans are wired for a completely different way of processing information, called parallel processing.

Here’s an example that shows the difference between the two approaches. If you’re writing bank loan software, you’d build into the system that IF the applicant is under twenty-one years old AND the applicant has less than one thousand dollars in the bank THEN do not loan more than five hundred dollars. The software will work through each of these points in turn, checking whether or not each one is relevant to the applicant, and will then make the decision.

Theoretically, a computer could be wired so that it checks both the IF question and the AND question simultaneously. That’s parallel processing: performing two or more tasks at the same time. This is obviously faster than having one person work sequentially through each point in turn, especially if there are hundreds of points involved; it can be massively faster and make things feasible that would otherwise be out of the question. However, it comes at a price. One is that it needs to be managed carefully. The design for hardware and software that handle parallel processing is very different from the design for standard hardware and software.

There are other, more profound differences between one-step-at-a-time sequential processing and parallel processing. Humans, for instance, can glance at a photo of a spotted animal in the snow. They see the spots, they see that it’s a dog, they see black-and-white coloring, and they immediately think dalmatian, which is the correct answer. In most cases they won’t even need to study the image for very long. The brain parallel-processes all the stimuli at the same time and spits the answer out in less than a second.

A computer wouldn’t perform anywhere near so well. Right at the start, it would have trouble just working out whether it was seeing spots rather than stripes or random splashes of color. It would have further difficulties working out where the animal ended and the snow began; it might not even realize that it was seeing an image of an animal. Even if it did notice the animal, it would have real problems working out whether it was seeing a dog rather than a cat or a wolf or a zebra. That doesn’t inspire much confidence about whether it would arrive at the correct answer.

Pattern matching can be an elegant and efficient problem-solving tool. Doctors harness that power when they inspect a patient’s rash. Their eyes take in visual information—the size of the rash, the coloration, how raised it is from the surface of the skin—and their brains swiftly recall all the times they have seen such a thing before. And the doctor proceeds to make a diagnosis. A researcher working with mounds of visual data—charts, graphs, tables—can sift through them and tell at a glance which data is important and which is peripheral. In my own work, I developed a renewed respect for pattern matching when I realized how its application could profoundly aid human comprehension of visual data. We’ll have more to say about this later, because pattern matching plays a critical role in the larger Voynich Manuscript story.

The full story about the human-computer divide is a lot more complex, but that’s the basic underlying message. Computers are good at step-by-step reasoning. The wiring of the human brain is good at something very different: a huge number of brain cells handle information simultaneously, with different cells or groups of cells each handling one part of the task. It’s an effective way to process the sort of information that is everywhere in the real world: untidy, messy, incomplete information, where part of one object is obscured behind another object, you’re seeing the second object from an angle that’s completely new to you, and you don’t have much time to decide what you’re seeing because you’re trying to cross a busy street and don’t want to end up as a traffic statistic.

But these pros and cons come at a price: you’re more likely to commit errors if you’re using step-by-step reasoning. You’re also more likely to make a swift, efficient error when you misidentify a pattern. That’s a theme that was to recur repeatedly when I was trying to make sense of human error.
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The Knowledge Within

ONE OF THE MOST UNSETTLING FEELINGS YOU get in research is the sense that you’ve missed something. I was pretty sure that we hadn’t made any significant active mistakes in the Nottingham work—it had stood up well to peer review, and we were using solid methods. I had a nagging feeling, though, that there was something we had missed. I didn’t know what it was, but I suspected that it would seem blindingly obvious once I had spotted it. That gut feeling turned out to be right. The key insight came a couple of years later, when I was working on requirements engineering.

The Nottingham work had been focused on situations where experts get it right. My next type of research, at City University of London, was to take me into situations where experts get it wrong—dead wrong. Requirements engineering, like knowledge acquisition, was a new field when I moved into it. Like knowledge acquisition, it had arisen because the old methods weren’t good enough for the demands of new technologies. If you’re building a spreadsheet for a client and there’s a bug in the software, the bug might cause problems for the client and just possibly put them out of business if it leads to a disastrously wrong financial decision, but it won’t kill anyone. If you’re building safety-critical software that will control the flight systems in an aircraft and there’s a bug in the
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